Quantitative structure-function relationships (QSFR) and quantitative structure-stability relationships (QSSR) analyses are described here. The objective of these analyses is to investigate and quantitatively describe the effect of the changes in structure of protein on its function or stability. During the analysis, the structural and physico-chemical properties of the amino acid residues are related to activity or stability data derived for the group of proteins containing systematic substitutions at certain positions. Four examples of the application of these analyses on the data obtained with proteins modified by site-directed mutagenesis experiments are provided. Structure-function relationships were studied for 15 mutants in position 172 of the haloalkane dehalogenase and 19 mutants in position 222 of the subtilisin, while the structure-stability relationships were investigated for 13 mutants in position 157 of phage T4 lysozyme and 18 mutants in position 49 of α-subunits tryptophan synthase. A total of 402 molecular descriptors derived from AAindex database were used to quantify amino acid properties and the multivariate statistical techniquepartial least squares projections to latent structures-was used to identify those of them which are important for explanation of the activity and stability data. Quantitative models were developed and internally validated for every data set. The possibilities for further development of both analyses and their application for predictive and analytical purposes in protein engineering research are discussed. Keywords: point mutants/prediction/multivariate statistics/haloalkane dehalogenase/subtilisin/phage T4 lysozyme/tryptophan synthase/AAindex
Introduction
One of the ultimate goals of protein engineering is the design and construction of enzymes with desired properties for catalysis of novel reactions or catalysis of presently known reactions at higher efficiency (Fersht, 1987) . The construction of modified enzymes with engineered amino acid substitutions allows an assessment of the role of any particular amino acid in the catalytic activity or stability and an understanding of the relationships between the protein structure and its function or stability. A typical scenario of the experiments performed to investigate the structure-function/structure-stability relationships involves the substitution of selected amino acids in the protein (Oxender et al., 1987; Fersht et al., 1993; Gerlt, 1994) . Usually a simple empirical approach is used for interpretation of the results from side-directed mutagenesis experiments. The quality of such an interpretation is highly dependent on the experience of the experimentalist and it can be expected that some of the less obvious relationships may not be elucidated. This is especially true for the substitution of residues which are not essential for catalysis and where their replacement does not lead to fatal changes in protein function or stability, e.g. complete loss of activity or protein unfolding. At the same time, from the protein engineering prospective the most useful mutations are those in which function is not completely destroyed (Oxender and Fox, 1987) .
A more systematic analysis of the results obtained from mutagenesis experiments is desirable for better extraction of the information from the experimental data and for formulation of better conclusions about the structure-function/structurestability relationships. The role of certain amino acids in protein structure, even for those proteins whose 3D structure is unknown, could be estimated if the relationships are quantitatively described by a mathematical function. In addition, predictions of the activity and stability of the modified proteins which have never been prepared in the laboratory would be possible. This would be especially useful nowadays when it is no longer difficult to create a mutant protein at will, the more difficult task is to propose which ones to make in order to achieve desired changes in function (Atkins et al., 1991) .
Quantitative structure-function relationships (QSFR) analysis applies the statistical method for the formulation and quantitative description of the relationships between the function (activity, specificity) of systematically modified proteins and their structure. Similarly, the relationships between the structure of proteins and their stability can be investigated by quantitative structure-stability relationships (QSSR) analysis. There are several reports in the literature where attempts have been made to establish such relationships for purposely modified proteins. Feshrt and co-workers (Feshrt et al., 1987) analysed the binding energies of mutant tyrosyl-tRNA synthetases using Hammetts plots. Wold looked at the structurestability relationships for the mutants of phage T4 lysozyme (Wold, 1995) . Relationships between structure and the reduction potential of azurin mutans were studied by Norinder and co-workers (Norinder et al., 1996) . Most recently, the structurefunction relationships were analysed for mutants of haloalkane dehalogenase (Damborsky, 1997) . This paper attempts to link 'classical' QSAR studies with 'classical' protein engineering studies. Utility and universality of the QSFR/QSSR analyses for systematic exploration of the data from site-directed mutagenesis experiments is tested on four independent sets of experimental data.
Materials and methods

Background
The main objective of the quantitative structure-function or structure-stability relationships analysis is to investigate and mathematically describe the effect of the changes in structure of a protein on its activity, specificity or stability. The changes in protein structure should be made in a certain fashion to obtain a suitable set of activity/stability data which can be statistically analysed. Systematic variation in the structure of the amino acid at a certain position of the protein is necessary to provide the data containing the information about the trends rather than discrete changes in activity/stability of the modified protein. These trends in activity/stability are related to the trends in physico-chemical and other molecular properties of varying amino acids by means of statistical analysis.
Quantitative structure-function/structure-stability relationships analysis is closely related to the well known quantitative structure-activity relationships (QSAR) analysis which is routinely used in a number of disciplines, including medicinal chemistry and pharmacology (Kubinyi, 1990) , agrochemistry (Asami et al., 1995; Nemeskosa et al., 1995) , ecotoxicology (Turner et al., 1987; Nirmalakhandan et al., 1988) and environmental microbiology (Peijnenburg and Damborský, 1996) . The basic principles of the QSAR and QSFR/QSSR analyses are very similar (Figure 1 )-the changes in structure of molecules are described by the changes in physico-chemical or other molecular properties (often called molecular descriptors) and are related to the investigated biological activity/function/ stability of interest. The major difference between these analyses is that the QSAR is mainly concerned about the small organic molecules and their effect on biological systems, while the QSFR and QSSR study the function or stability of macromolecules. Consequently, in the QSAR the whole molecule can be included in the analysis and characterized by molecular descriptors, but in QSFR/QSSR analysis only a very small part of the molecule-a single or a few amino acids at certain positions analysed. Although there is the approach in QSAR when part of the molecule, the so-called parent compound, is kept structurally constant during the analysis and the rest of molecule is varied, which resembles QSFR/QSSR analysis to a larger extent. Another important difference is that in QSAR analysis there is an almost infinite number of substituents and molecular fragments available for modification 22 of the structure of investigated molecules, while in QSFR/ QSSR analysis only limited number of building blocks (basically 20 natural amino acids) are available.
Molecular descriptors data (independent variables)
The amino acid index database, AAindex (Nakai et al., 1988; Tomii et al., 1996) , containing 402 published indices, was used to describe the structure and properties of 20 natural amino acids. This database can be accessed via FTP (ftp.genome.ad.jp), Gopher (gopher.genome.ad.jp) or WWW (www.genome.ad.jp). The indices fixed in the models presented in this paper are listed in Table I . Activity and stability data (dependent variables) Four independent sets of activity and stability data (Table II) were compiled from the literature.
(i) Activity of the 15 mutants of the haloalkane dehalogenase in position 172. The activity is expressed as the dehalogenation of 1,2-dibromoethane measured at 5 mM substrate concentration (Schanstra et al., 1996) . The activity was measured with crude extracts.
(ii) Relative activity of 19 mutant subtilisins in position 222. The relative specificities of mutant enzymes versus wild type were assayed with 0. (Estell et al., 1985) . The purified enzymes were used in activity measurements.
(iii) Stability of 13 mutants of phage T4 lysoyzyme in position 157. The thermodynamic stability of the mutant lysozymes was assessed by measuring the molar ellipticity of a solution of the purified protein as a function of time. Gibbs free energy (∆∆G) was estimated from the midpoint temperature of the denaturation transition (T m ) using the relation: ∆∆G ϭ ∆T m ∆S (Alber et al., 1987) .
(iv) Stability of the 18 mutants of α-subunits tryptophan synthase in position 49. The stability is estimated by Gibbs A362, principal component IV (Sneath, 1966) ; C144, flexibility parameter for two rigid neighbours (Karplus and Schultz, 1985) ; H132, hydrophobicity index (Jones, 1975) ; H311, average reduced distance for C α (Rackovsky and Scheraga, 1977) ; H377, relative population of conformational state C (Vasquez et al., 1983) ; P159, van der Waals parameter ε of Levitt (Levitt, 1976) ; P214, short and medium range non-bonded energy (Oobatake and Ooi, 1977) ; P383, R f value in high salt chromatography (Weber and Lacey, 1978) ; P399, bulkiness (Zimmerman et al., 1968) . a The data and the codes for indices were retrieved from the AAindex database (Tomii and Kanehisa, 1996) . Dhla-172, activity of haloalkane dehalogenases (Schanstra et al., 1996) ; Subt-222, activity of subtilisins (Estell et al., 1985) ; Lyso-157, stability of phage T4 lysozymes (Alber et al., 1987) ; Synt-49, stability of α-subunits tryptophan synthases (Yutani et al., 1990) . a Wild-type residue; b not determined.
free energy of unfolding (∆ d G) in water at 25°C and pH 7.0 obtained through analysis of Gdb.HCl denaturation curves (Yutani et al., 1987) . The Gibbs energy of unfolding in water was calculated from the equilibrium constant in the absence of denaturation (K 0 ) using the equation:
Statistical analysis
Simple regression analysis and partial least squares projections to latent structures were applied to investigate the relationships 23 between the properties of amino acids quantified by 402 amino acid indices (independent variables) and activities or stabilities of mutant proteins (dependent variables). Partial least squares projections to latent structures (PLS) correlates the systematic variation of the matrix of dependent variable(s) Y, to the systematic variation in the independent variables X (Wold et al., 1993) . The PLS method summarized the X-variables as a few, orthogonal variables called scores or latent variables. Simultaneously PLS calculates latent variables also for Yvariables, called loadings, and investigates the correlation between X-and Y-latent variables. Geometrically PLS modelling consists of simultaneous projection of both X and Y spaces on the low dimensional hyperplanes. These hyperplanes are constructed in such way that the original data tables X and Y are well approximated, while at the same time, the correlation between X and Y is maximized. The following reasons make the multivariate techniques especially suitable for QSFR/QSSR analyses: (i) it can be expected that it is not one single property, but a combination of several properties, which have to be fulfilled by the amino acid in a certain position of the protein in order to retain its structural functionality or stability, and (ii) there are numerous ways to quantitatively describe some of the amino acid properties and it is difficult or impossible to choose a single one which is the most appropriate. The advantage of the application of multivariate statistical analysis is that one can simultaneously relate a larger number of physicochemical properties to the protein activity in a quantitative way. The reason for choosing PLS rather than a more traditional multiple linear regression (MLR) analysis for the present study is that the latter cannot deal with large numbers of intercorrelated X-variables as is certainly present in AAindex database. The centered and autoscaled data were used in all analyses. Centering was done by subtracting the column averages from all data, while autoscaling was conducted by division of each variable by its standard deviation. The statistical package SIMCA-S v6.01 (UmeTri, Sweden) was used for PLS analysis. Simple regression analysis was performed with TSAR v2.0 (Oxford Molecular, UK) and Excel v5.0a (Microsoft, USA) programs.
Validation of developed models
The developed models were validated using two internal validation methods: (i) cross-validation and (ii) permutation testing. Cross-validation is a simple procedure developed for testing the predictive power of the models. Cross-validation creates a number of modified data sets by removing one, or a small group of observations (mutant proteins) from the data set in such a way that each observation is removed once and once only (Wold, 1991) . Then one model is developed for each reduced data set, and the dependent variable y of the deleted object(s) are predicted from the model. The squared difference between the predicted and actual values are added to the predictive residual sum of squares (PRESS):
where SS is the sum of squared residuals of the y variable before the tested dimension. A large value (Ͼ0.5) of Q 2 indicates the PLS model with a prediction better than chance (Wold, 1991) . In the permutation testing the models are recalculated with randomly re-ordered dependent variables. The statistical parameters R 2 and Q 2 are estimated for every model. The original model can be considered as valid when significantly lower values of R 2 and Q 2 are obtained for the models with permuted dependent variable. The validation plots are provided for the models presented in this contribution.
Results and discussion
The objective of quantitative structure-function and structurestability relationships analysis of intentionally modified proteins is to investigate and mathematically describe the relationships between the properties of amino acids at certain positions of proteins and their function (activity, specificity) and stability. Four independent data sets were analysed to test the general applicability of QSFR and QSSR for exploration of the data from site-directed mutagenesis experiments.
QSFR for Phe172 mutants of haloalkane dehalogenase
The activity data of the wild type and 15 mutants of haloalkane dehalogenase were previously analysed for structure-function relationships using a limited set of 33 descriptors (Damborsky, 1997) . The relationships between dehalogenation activity, k; bulkiness (Zimmerman et al., 1968) , B (P399 in AAindex database); local flexibility (Karplus and Schultz, 1985) , F0 (H142); refractivity (Jones, 1975) , R (P177); and 'aromaticity' (Damborsky, 1997), D, were found. A combination of only four descriptors were sufficient for explanation of the 84% of variance in the activity data:
. A mechanistic interpretation of the model was provided (Damborsky, 1997) relating the physico-chemical meaning of the significant descriptors mainly to the role of residue 172 for transition-state and product stabilization. This interpretation corresponds well with the results from a detailed quantum mechanics study of the reaction mechanism of carbon-halogen bond cleavage catalysed by haloalkane dehalogenase (Damborsky et al., 1997) . One of the drawbacks of the developed model was the use of a dummy (indicator) 24 variable for the description of 'aromaticity'. A model based on continuous descriptors is certainly preferable over that based on indicator variables. In the present study, PLS analysis of the extended set of descriptors resulted in a new model in which the dummy variable for 'aromaticity' was eliminated and of comparable statistical quality with the original model: k ϭ 4.9850 P159 -5.0330 P383 -0.1397 P399 ϩ 5.3994 n ϭ 16, R 2 Y ϭ 0.827; Q 2 ϭ 0.765 where k refers to dehalogenation activity of haloalkane dehalogenases; P159, van der Waals parameter ε of Levitt (Levitt, 1976) ; P383, R f value in high salt chromatography (Weber et al., 1978) ; and P399, bulkiness (Zimmerman et al., 1968) . A validation plot of this model is presented in Figure 2 .
The most significant parameter in the model, namely the R f value (relative hydrophilicity) from the paper chromatography determined with a mixture of saturated ammonium sulphate and 1 M ammonium acetate, took over the role of dummy variable used in the original model (Damborsky, 1997) . The most active mutants, i.e., Tyr, Trp and Phe, have significantly lower R f values, i.e. 0.49, 0.20 and 0.52, compared with all other amino acids with R f values typically between 7.2 and 9.6. Some other highly significant parameters were detected (Table III) which directly correlated with the dehalogenase activity. Their physico-chemical meaning mainly corresponds to the expected role of Phe172 for the transition state and the product stabilization via electrostatic interactions, i.e., P361, principal component III from the analysis of Sneath (Sneath, 1966) describes the 'aromaticity' of amino acid, P177, refractivity (Jones, 1975 ) is related to electronic polarization or P216, average non-bonded energy per residue (Oobatake et al., 1977) describes non-bonding interactions within the protein structure. It is probable than an even better predictive model could be obtained by systematic variable selection carried out using some of the automatic variable-selection algorithms.
QSFR for Met222 mutants of subtilisin
Subtilisin is one of the most studied enzymes and a large number of site-directed mutagenesis experiments have already been performed with its gene. One of the purposes of the mutants preparation and testing was to improve its stability and catalytic efficiency necessary for an industrial application. Therefore, it is not so surprising that the subtilisin mutants were the subject of the first US patent granted for an engineered protein (Branden et al., 1991) in 1988. The activity data of 19 mutants in the single position analysed in this example originate from the experiments of Estell and co-workers (Estell et al., 1985) who were looking for the optimal replacement of the oxidative-inactivation site of subtilisin (methionine in position 222). The authors by themselves stated that the predictions of the activity for different mutants would be very uncertain and this was the primary reason for constructing and testing all 19 possible replacements. Nevertheless, a robust model with good predictive power (R Y 2 and Q 2 above 0.8) was constructed using only two descriptors. In other words, a change in activity due to mutation can be estimated using only two parameters quantifying the amino acid features and properties: logk ϭ 1.4958 A362 -3.6129 P214 -3.4051 n ϭ 20, R 2 Y ϭ 0.859; Q 2 ϭ 0.808 where logk refers to the logarithm of relative activity of subtilisins; A362, principal component IV (Sneath, 1966) ; and (Nozaki and Tanford, 1971) . d Index H393 is based on the Gibbs energy of unfolding reported by Yutani et al. (1987) and is therefore identical to the stability data examined in this example P214, short and medium range non-bonded energy (Oobatake and Ooi, 1977) . The relative activities were logarithmically transformed prior to the analysis to achieve better distribution of the data. A validation plot of this model is presented in Figure 3 . In addition, the model was recalculated without the two most active proteins in the data set (wt and Met→Cys), to ensure that it is not based on 'two points regression'. Comparable or even better quality statistical parameters when compared with those derived for original model were obtained, R 2 Y ϭ 0.859 and Q 2 ϭ 0.830, n ϭ 18. Principal component IV from the PCA analysis of Sneath (1966) is interpreted by its author as a 'hydroxythiolation', with the involvement of hydroxyl and sulphydryl groups and perhaps also the ability to form hydrogen bonds. This interesting descriptor was highly significant in both models with and without sulfur containing residues (Met and Cys). In the later model this parameter explained higher activity of Met→Ser and Met→Thr mutants. The second parameter in the model, short and medium range non-bonded energy of amino acid residues is the sum of the interaction energy between mainchain atoms of a residue and its own side-chain atoms (shortrange) and between two residues located within 10 residues along the chain (medium-range). The Lennard-Jones potential was used to calculate the interaction (non-bonded) energy for 16 different proteins (Oobatake and Ooi, 1977) and the averaged values were used to derive the scale for all 20 amino acid residues. This parameter was important, for example, for a description of the high activity of Met→Ala and Met→Gly mutants (Ala and Gly are the residues expressing the highest medium range interaction energy), but also for an explanation of the very low activity of aromatic residues, Trp, Tyr and Phe, with low short and medium range energy.
None of the 402 descriptors from the AAindex database was able, by itself, to explain more than 37% of the variance in activity data (Table III) while 85% of the data variance were explained by a linear combination of two single parameters. This clearly points out the necessity for parallel consideration of the number of amino acid properties for explanation of the mutants activity which would probably be very difficult with simple empirical examination of the measured data. Wells and co-workers concluded that the activity of the subtilisin mutants is related mainly to the size and branching 26 of the substituting residues , which apparently are not the only important properties.
QSSR for Thr175 mutants of phage T4 lysozyme
Phage T4 lysozyme is another example of a model protein used extensively for studying the effect of amino acid replacement on protein functionality and stability. Isolation of the temperature sensitive mutant (Thr175Ile) in the screen of randomly mutagenized T4 phage promoted systematic mutagenesis of residue 175. In total 13 mutant lysozymes in position 175 were prepared and tested for stability by Alber and co-workers (Alber et al., 1987) . Using a simple empirical approach supported by the examination of X-ray structures of the mutants, Alber and co-workers related the thermostability of T4 lysozyme mutants primarily to the presence or absence of an H-bond between mutated residues 157 and the surrounding residues. The most stable lysozyme variants (wt, Thr→Asn and Thr→Asp) were obtained with the amino acids capable of re-establishing the H-bonding network. This interpretation is straightforward; on the other hand it does not explain the quantitative differences among the rest of mutants. Simple regression analysis was sufficient to uncover the great importance of hydrophobicity for the thermostability of the mutants (Table III) . Practically all top scoring descriptors for the lysozyme mutants listed in Table III represent different hydrophobicity scales. The index of Jones (1975) , H132, was the most successful one. This scale consists of the data from Nozaki and Tanford (1971) , except for Leu, Ser, Trp and Phe which were adopted from the scale of Zimmerman and coworkers (Zimmerman et al., 1968) . Nozaki and Tanford based their hydrophobicity scale on the measurements of free energy of transfer of amino acid from water to ethanol. The dependence of Gibbs free energy (∆∆G) on hydrophobicity index (H132) is expressed by following equation: ∆∆G ϭ 0.5947 H132 ϩ 0.6925 n ϭ 14, R 2 Y ϭ 0.666; Q 2 ϭ 0.576 Decreasing the thermostability with increasing hydrophobicity is not surprising since residue 157 of the lysozyme is positioned on the surface of the protein and its side-chain is exposed to the solvent. However, the linear relationships between the thermostability and hydrophobicity holds mainly for the more hydrophobic residues while it does not explain for example the differences in thermostability of the most stable mutants (wt, Thr→Asn, Thr→Ser and Thr→Gly). The non-continuous character of the relationships between activity and retractivity, activity and flexibility respectively, was observed in previous QSFR analysis of dehalogenase mutants (Damborsky, 1997) . The existence of threshold values above or below which the relationships breaks down and other amino acid property becomes important was proposed. The importance of an additional property for stability of the modified lysozyme proteins was therefore expected. Multivariate analysis revealed the significance of two additional parameters: a flexibility parameter for two rigid neighbours, C144 (Karplus and Schultz, 1985) , and relative population of conformational state C, H377 (Vasquez et al., 1983) , which together with the hydrophobicity index explained 87% of the thermostability data variance: ∆∆G ϭ -15.1710 C144 ϩ 0.3032 H132 -1.2957 H377 ϩ 15.4420 n ϭ 14, R 2 Y ϭ 0.868, Q 2 ϭ 0.847 Both additional parameters relate to the main-chain part of the residue and indicate special requirements on its conformation. The backbone conformation and willingness of the residue to adopt it (the latter related to the main-chain flexibility) can be important for the overall geometry of the loop, part of which is residue 157. The thermostability increases with increasing main-chain flexibility quantified by the index of Karplus and Schultz (1985) . They used crystallographically determined temperature factors of C α 's averaged over 31 proteins to derive their flexibility indices. A separate index was defined for the residues with no rigid neighbours, one rigid neighbour and two rigid neighbours. The latter revealed itself to be important for stability of lysozyme mutants although residue 157 has only one rigid neighbour. Similarly, the flexibility index for two rigid neighbours was statistically more significant than two others in previous analysis with haloalkane dehalogenase mutants, although the mechanistically supported one (for no rigid neighbours) was finally included in the model. A possible explanation for the superiority of the index obtained for the residues with two rigid neighbours is that it provides a superior description of the intrinsic flexibility of the residue of concern being from both sides fixed by two rigid C α atoms of the neighbours, while two other indices partly 'contains' the flexibility of its neighbouring residues. More QSFR/QSSR analysis needs to be performed to test this interpretation. A validation plot of the final model for thermostability of T4 lysozymes is shown in Figure 4 .
A comparison of the experimentally determined values of the Gibbs free energies with the values predicted from the model is depicted in Table IV and Figure 5 . The third column in Table IV indicates the probability that the estimated amino acid belongs to the model. Most of the non-tested mutants lie outside the model domain and the predictions are therefore uncertain. This will probably be generally the case for many of the QSFR/QSSR models when they are used for identification of the most active or most stable non-tested mutants which are often interesting from a practical perspective. Keeping in mind the limits in reliability of the predictions these could be used to propose lower thermostability for all but one mutant. The only more thermostable mutant than all ever tested (including the most stable, wild-type enzyme) could possibly be protein with lysine at position 157. At the same time, several untested mutants (Thr→Trp, Thr→Phe, Thr→Met) would be very non-stable due to their high hydrophobicity and(or) main chain conformational behaviour. It is a Thermostability data reported by Alber and co-workers (Alber et al., 1987) . b Thermostability calculated from the QSSR model: ∆∆G ϭ -15.1710 C144 ϩ 0.3032 H132 -1.2957 H377 ϩ 15.4420. c Probability of the model memberships. even possible that these mutants would not fold into the native protein at all.
QSSR for Glu49 mutants of tryptophan synthase
Yutani and co-workers constructed a series of 19 mutants of the α-subunit of tryptophan synthase from Escherichia coli in position 49 (Yutani et al., 1987) , to elucidate the role of this residue in the conformational stability of the protein. This residue is buried in the interior of the protein and the hydrophobicity of the substituting amino acids was assumed in advance to play an important role for the stability of the constructed mutants. Yutani and co-workers explored the relationships between stability and hydrophobicity indices using regression plots. They explicitly used two indices to describe the hydrophobicity: the index of Nozaki and Tanford (1971), quantifying the free energy of transfer of amino acids from water to ethanol, H212, and optimal matching hydrophobicity (OMH) defined by Sweet and Eisenberg (1983) , H365. A significant linear dependence of the stability on either of the hydrophobicity indices confirmed the expected relationships between the hydrophobicity of the buried residue and conformational stability of the proteins. However, two groups of arbitrarily assigned outliers (Glu→Trp, Glu→Phe, Glu→Tyr; respective Glu→His, Glu→Asp, wt) were identified in the plots and on this basis, the volume of the residues and their ionization state have been suggested to play a role in stabilizing the modified proteins in addition to hydrophobicity. Both simple regression analysis (Table III) and partial least squares projections to latent structures analysis confirmed the importance of the hydrophobicity for stability of synthase mutants, but no additional property improved the best found relationships between the hydrophobicity index of Rackovsky and Scheraga (1977) , H311, average reduced distance for C α and the free energy of unfolding:
The validation plot for this model is presented in Figure 6 . The outliers depicted by Yutani and co-workers were not found in the relationships between the stability data and the hydrophobicity index H311. The mutants deviating most from the linear regression were: Glu→Ile, Glu→Leu, Glu→Phe, Glu→Trp, based on the Y-residual values (Figure 7) . Additional attempts were made to complement either of the hydrophobicity indices used by Yutani and co-workers (H212, H365) by other indices, e.g., those describing the volume of the residues: P009, P109, P112, residue volume (Bigelow, 1967; Goldsack et al., 1973; Grantham, 1974) ; P015, apparent partial specific volume (Bull et al., 1974) ; P032, average volume of buried residue (Chothia, 1975) ; P080, normalized van der Waals volume (Fauchere et al., 1988) ; and P149, side-chain volume (Krigbaum et al., 1979) . No significant improvement of the relationships were obtained and the derived models were usually worse that those obtained with single hydrophobicity indices listed in Table III . Some questions arising from these results are, for example, how differently the experimental data analysed in this example would be interpreted if: (i) a different hydrophobicity index is chosen by Yutani and co-workers, when each of the hydrophobicity indices are defined in a slightly different way and thus different outliers would be observed on regression plots, (ii) if the outlying properties of Glu→Trp, Glu→Phe and Glu→Tyr are related for example to presence of the aromatic ring (π-electrons) in their side-chain rather than to their volume, when no quantitative, statistical analysis follows. The risk of misinterpretation of experimental data during the structure-stability analysis can be minimized if the systematic and quantitative analysis is used which considers many available amino acid properties at the same time.
The QSSR model based on single hydrophobicity descriptor H311 explains about 75% variance in stability data. The unexplained variance can be related to environment-dependent properties, e.g., goodness of fit of the mutated amino acid among surrounding residues or its specific interactions with neighbours, which might be difficult to describe by the properties coded by amino acid indices. This obviously places some drawback on QSSR analysis when compared with the other environment-dependent approaches. For a recent summary of the environment-dependent structure-stability analyses see Topham et al. (1997) . On the other hand, the quantitative analysis of mutant proteins without knowledge of their 3D structure makes QSSR analysis applicable for proteins whose 3D structure has not been obtained.
General remarks on present limitations and possibilities for further development of QSFR and QSSR analyses
A systematic analysis of the data from side-directed mutagenesis experiments by means of quantitative structure-function relationships (QSFR) and quantitative structure-stability relationships (QSSR) analyses is outlined in this paper. These analyses can be useful for quantitative interpretation of the results from mutagenesis experiments and for relating the changes in activity or stability to the structure and properties of amino acids. However, more research is certainly needed to explore further the possibilities and limitations of the presented analysis. More experimental data obtained with proteins of various classes need to be analysed to test the general applicability of the proposed approach. Preferably, the data from mutagenesis of residues with known function, e.g. from crystallographic studies, should be used in the first instance to explore the ability and usefulness of different amino acid indices for explanation of this function. In later stages, the analyses could be applied on the data obtained with proteins with unknown 3D structure and the position and role of the mutated amino acid could be proposed based on descriptors which will turn out to be significant. Consequently, QSFR/QSSR analyses would become valuable tools for the investigation of the role of amino acids in proteins for which 3D structure cannot for some reason be determined. Certain disadvantages of the analyses exists, namely that a considerable amount of the data-activities or stabilities measured with modified proteins bearing systematic substitutions in a certain position-need to be obtained in order to allow the application of the statistical techniques. With continuous improvements in mutant preparation, enzyme purification and activity/stability testing, this might be a less serious problem in the future. Another problem is that the data from systematic replacements cannot be achieved simply, since substitutions may cause a fatal effect on protein function or stability. However, in such a cases the role of the amino acids will probably be obvious and no statistical analyses will be needed for interpretation of the experimental results.
QSFR/QSSR can potentially be also used for predictions. The predictive ability of the QSFR and QSSR models need to be first confirmed by external validation in the sense that activity or stability of a particular modified protein should be predicted before its preparation and testing (only internal validation procedures were used in present study). One of the problems in accounting for the reliability of the predictions is that the mutants with desired properties-presumably the most active and most stable ones-will always lie outside the model. In addition, when systematic data are required for construction of the model there might not be many mutants left for predictions. More analyses are needed to propose the minimum number of mutants needed for robust analysis and experimental designs can be used to optimally plan the experiments. It is also possible that certain models will code for some general relationships which will be valid for a number of different proteins with mutations at certain position, e.g. exposed residues in the α-helix of α/β-hydrolases or buried residues in the β-sheet of serine proteases, etc., and those could be used for predictions with minimal testing necessary for identification of proper model. The predictive capabilities of the models can be enhanced by the application of some automatic variable selection techniques during their development, like GOLPE (Baroni et al., 1993) , neural networks (Salt et al., 1992) , genetic algorithms (Kubinyi, 1994) or recently introduced genetic neural networks algorithms (So et al., 1996) . Non-linear methods could be even more suitable for QSFR/QSSR analyses. Care needs to be taken to keep the mechanistic understanding of developed models on a reasonably high level. The additional application of present, multivariate methods is also possible. Partial least squares projections to latent structures (PLS) allows parallel analysis of several dependent variables. If there are available activity data obtained with various substrates, tested with number of mutants, they can be analysed at the same time and kind of structurespecificity analysis can be performed looking at changes in specificity due to mutation.
Testing and further developments of the QSFR/QSSR approach can follow a number of different directions as outlined above: (i) analysis of the new data set obtained with different proteins, (ii) explorations of the usefulness of various amino acid indices (descriptors) and proposal of the new ones, 29 (iii) application of a new statistical tools, and (iv) external validation of developed models and testing of their generality.
